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A b s t r a c t  – This paper presents a new approach whose aim is to extent the scope of numerical 
models b y  providing  them with k nowledg e extraction capab ilities.  The b asic model which is 
considered in this paper is a multi-topog raphic neural network  model.  The powerful features of this 
model are its g eneraliz ation mechanism and its mechanism of communication b etween 
topog raphies.  These two mechanisms allow rule extraction to b e performed whenever a sing le 
viewpoint or multiple viewpoints on the same data are considered.  The association rule extraction 
is itself b ased on orig inal q uality  measures which evaluate to what extent a numerical 
classification model b ehaves as a natural sy mb olic classifier such as a G alois lattice.    
 
K e y w o r d s  – k n o w l e d g e  e x t r a c t i o n ,  u n s u p e r v i s e d  l e a r n i n g ,  n e u r a l  g a s  ( N G ) ,  M u l t i G A S  m o d e l ,  
M u l t i S O M  m o d e l ,  s y m b o l i c  m o d e l ,  a s s o c i a t i o n  r u l e s ,  m u l t i -v i e w p o i n t  a n a l y s i s   
 
 
1    I n t r o d u c t i o n  
 
D at a m i ni ng  o r  k no w l e dg e  di s c o v e r y  i n dat abas e  (K D D ) r e f e r s  t o  t h e  no n-t r i v i al  p r o c e s s  o f  
di s c o v e r i ng  i nt e r e s t i ng , i m p l i c i t , and p r e v i o u s l y  u nk no w n k no w l e dg e  f r o m  l ar g e  dat abas e s . S u c h  a 
t as k  i m p l i e s  t o  be  abl e  t o  p e r f o r m  anal y s e s  o n h i g h -di m e ns i o nal  i np u t  dat a. Th e  m o s t  p o p u l ar  
m o de l s  u s e d i n K D D  ar e  t h e  s y m bo l i c  m o de l s . U nf o r t u nat e l y , t h e s e  m o de l s  s u f f e r  o f  v e r y  s e r i o u s  
l i m i t at i o ns . R u l e  g e ne r at i o n i s  a h i g h l y  t i m e -c o ns u m i ng  p r o c e s s  t h at  g e ne r at e s  a h u g e  nu m be r  o f  
r u l e s , i nc l u di ng  a l ar g e  r at i o  o f  r e du ndant  r u l e s . H e nc e , t h i s  p r o h i bi t s  any  k i nd o f  r u l e  c o m p u t at i o n 
and s e l e c t i o n as  s o o n as  dat a ar e  nu m e r o u s  and t h e y  ar e  r e p r e s e nt e d by  v e r y  h i g h -di m e ns i o nal  
de s c r i p t i o n s p ac e . Th i s  l at t e r  s i t u at i o n i s  v e r y  o f t e n e nc o u nt e r e d w i t h  do c u m e nt ar y  dat a. To  c o p e  
w i t h  t h e s e  p r o bl e m s , p r e l i m i nar y  K D D  t r i al s  u s i ng  nu m e r i c al  m o de l s  h av e  be e n m ade . A n 
al g o r i t h m  f o r  k no w l e dg e  e x t r ac t i o n f r o m  s e l f -o r g ani z i ng  ne t w o r k  i s  p r o p o s e d i n [ 3 ] . Th i s  ap p r o ac h  
i s  bas e d o n a s u p e r v i s e d g e ne r al i z e d r e l e v anc e  l e ar ni ng  v e c t o r  q u ant i z at i o n (G R L V Q ) w h i c h  i s  
u s e d f o r  e x t r ac t i ng  de c i s i o n t r e e s . Th e  di f f e r e nt  p at h s  o f  t h e  g e ne r at e d t r e e s  ar e  t h e n u s e d f o r  
de no t i ng  r u l e s .  Ne v e r t h e l e s s , t h e  m ai n de f e c t  o f  t h i s  m e t h o d i s  t o  ne c e s s i t at e  t r ai ni ng  dat a.  O n o u r  
o w n s i de , w e  h av e  p r o p o s e d a h y br i d c l as s i f i c at i o n m e t h o d f o r  m ap p i ng  an e x p l i c at i v e  s t r u c t u r e  
i s s u e d f r o m  a s y m bo l i c  c l as s i f i c at i o n i nt o  an u ns u p e r v i s e d nu m e r i c al  s e l f -o r g ani z i ng  m ap  (S O M ) 
[ 6 ] . S O M  m ap  and G al o i s  l at t i c e  ar e  g e ne r at e d o n t h e  s am e  dat a. Th e  c o s i ne  p r o j e c t i o n i s  t h e n u s e d 
f o r  as s o c i at i ng  l at t i c e  c o nc e p t s  t o  t h e  S O M  c l as s e s . Co nc e p t s  p r o p e r t i e s  ac t  as  e x p l anat i o n f o r  t h e  
S O M  c l as s e s . Fu r t h e r m o r e , l at t i c e  p r u ni ng  c o m bi ne d w i t h  m i g r at i o n o f  t h e  as s o c i at e d S O M  c l as s e s  
t o w ar ds  t h e  t o p  o f  t h e  p r u ne d l at t i c e  i s  u s e d t o  g e ne r at e  e x p l anat i o n o f  i nc r e as i ng  s c o p e  o n t h e  
S O M  m ap . A s s o c i at i o n r u l e s  c an al s o  be  p r o du c e d i n s u c h  a w ay . A l t h o u g h  i t  e s t abl i s h e s  
i nt e r e s t i ng  l i nk s  be t w e e n nu m e r i c al  and s y m bo l i c  w o r l ds  t h i s  ap p r o ac h  ne c e s s i t at e s  t h e  t i m e -
W SO M 2 0 0 5 ,  Paris 
 
c o ns u m i ng  c o m p u t at i o n o f  a w h o l e  G al o i s  l at t i c e . In a p ar al l e l  w ay , i n o r de r  t o  e nh anc e  bo t h  t h e  
q u al i t y  and t h e  g r anu l ar i t y  o f  t h e  dat a anal y s i s  and t o  r e du c e  t h e  no i s e  w h i c h  i s  i ne v i t abl y  
g e ne r at e d i n an o v e r al l  c l as s i f i c at i o n ap p r o ac h , w e  h av e  i nt r o du c e d t h e  m u l t i -v i e w p o i nt  anal y s i s  
bas e d o n a s i g ni f i c ant  e x t e ns i o n o f  t h e  S O M  m o de l , nam e d M u l t i S O M  [ 5 ] . Th e  v i e w p o i nt  bu i l di ng  
p r i nc i p l e  c o ns i s t s  i n s e p ar at i ng  t h e  de s c r i p t i o n o f  t h e  dat a i nt o  s e v e r al  s u b-de s c r i p t i o ns  
c o r r e s p o ndi ng  di f f e r e nt  p r o p e r t y  s u bs e t s . In M u l t i S O M  e ac h  v i e w p o i nt  i s  r e p r e s e nt e d by  a s i ng l e  
S O M  m ap . Th e  c o ns e r v at i o n o f  an o v e r al l  v i e w  o f  t h e  anal y s i s  i s  ac h i e v e d t h r o u g h  t h e  u s e  o f  a 
c o m m u ni c at i o n m e c h ani s m  be t w e e n t h e  m ap s , w h i c h  i s  i t s e l f  bas e d o n B ay e s i an i nf e r e nc e  [ 9 ] . Th e  
adv ant ag e  o f  t h e  m u l t i -v i e w p o i nt  anal y s i s  p r o v i de d by  M u l t i S O M  as  c o m p ar e d t o  t h e  g l o bal  
anal y s i s  p r o v i de d by  S O M  [ 4 ]  h as  be e n c l e ar l y  de m o ns t r at e d f o r  p r e c i s e  m i ni ng  t as k s  l i k e  p at e nt  
anal y s i s  [ 7 ] . A no t h e r  i m p o r t ant  m e c h ani s m  p r o v i de d by  t h e  M u l t i S O M  m o de l  i s  i t s  o n-l i ne  
g e ne r al i z at i o n m e c h ani s m  t h at  c an be  u s e d t o  t u ne  t h e  l e v e l  o f  p r e c i s i o n o f  t h e  anal y s i s . 
Fu r t h e r m o r e , w e  h av e  p r o p o s e d i n [ 2 ]  t o  u s e  t h e  ne u r al  g as  (NG ) m o de l  as  a bas i s  f o r  e x t e ndi ng  t h e  
M u l t i S O M  m o de l  t o  a M u l t i G A S  m o de l . NG  m o de l  [ 1 0 ]  i s  k no w n as  m o r e  e f f i c i e nt  t h an S O M  
m o de l  f o r  c l as s i f i c at i o n t as k s  w h e r e  e x p l i c i t  v i s u al i z at i o n o f  t h e  dat a anal y s i s  r e s u l t s  i s  no t  
r e q u i r e d. H e nc e , t h ank s  t o  t h e  l o s s  o f  t o p o g r ap h i c  c o ns t r ai nt s  as  c o m p ar e d t o  S O M , NG  t e nds  t o  
be t t e r  r e p r e s e nt  t h e  s t r u c t u r e  o f  t h e  dat a, y i e l di ng  be t t e r  c l as s i f i c at i o n r e s u l t s  [ 2 ] . 
In t h i s  p ap e r  w e  p r o p o s e  a ne w  ap p r o ac h  f o r  k no w l e dg e  e x t r ac t i o n t h at  c o ns i s t s  i n u s i ng  o u r  
M u l t i G A S  m o de l  as  a f r o nt -e nd f o r  u ns u p e r v i s e d e x t r ac t i o n o f  as s o c i at i o n r u l e s . In o u r  ap p r o ac h  
w e  e x p l o i t  bo t h  t h e  g e ne r al i z at i o n and t h e  i nt e r c o m m u ni c at i o n m e c h ani s m s  o f  t h e  m o de l . W e  al s o  
m ak e  u s e  o f  o u r  o r i g i nal  r e c al l  and p r e c i s i o n m e as u r e s  t h at  de r i v e  f r o m  t h e  G al o i s  l at t i c e  t h e o r y  
and f r o m  Inf o r m at i o n R e t r i e v al  (IR ) do m ai ns  [ 8 ] . Th e  f i r s t  s e c t i o n p r e s e nt s  t h e  M u l t i G A S  m o de l .  
Th e  s e c o nd s e c t i o n p r e s e nt s  t h e  r u l e  e x t r ac t i o n p r i nc i p l e s  bas e d o n t h e  M u l t i G A S  m o de l . Th e  
e x p e r i m e nt  t h at  i s  p r e s e nt e d o n t h e  l as t  s e c t i o n s h o w s  h o w  o u r  m e t h o d c an be  u s e d bo t h  t o  c o nt r o l  
t h e  r u l e s  i nf l at i o n t h at  i s  i nh e r e nt  t o  s y m bo l i c  m e t h o ds  and f o r  e x t r ac t i ng  t h e  m o s t  s i g ni f i c ant  r u l e s . 
 
2    M u l t i G A S  M o d e l  
 
Th e  p r i nc i p l e  o f  t h e  M u l t i G A S  m o de l  i s  t o  be  c o ns t i t u t e d by  s e v e r al  g as e s  t h at  h av e  be e n g e ne r at e d 
f r o m  t h e  s am e  dat a. Eac h  g as  i s  i t s e l f  i s s u e d f r o m  a s p e c i f i c  dat a de s c r i p t i o n s u bs p ac e . Th e  r e l at i o n 
be t w e e n g as e s  i s  e s t abl i s h e d t h r o u g h  t h e  u s e  o f  t w o  m ai n m e c h ani s m s : t h e  i nt e r -g as  
c o m m u ni c at i o n m e c h ani s m  and t h e  g e ne r al i z at i o n m e c h ani s m . 
 
Th e  i nt e r -g as  c o m m u ni c at i o n m e c h ani s m  e nabl e s  t o  h i g h l i g h t  s e m ant i c  r e l at i o ns h i p s  be t w e e n 
di f f e r e nt  t o p i c s  be l o ng i ng  t o  di f f e r e nt  v i e w p o i nt s  r e l at e d t o  t h e  s am e  dat a. In M u l t i G A S , t h i s  
c o m m u ni c at i o n i s  bas e d o n t h e  u s e  o f  t h e  dat a t h at  h av e  be e n p r o j e c t e d o nt o  e ac h  g as  as  
i nt e r m e di ar y  ne u r o ns  o r  ac t i v i t y  t r ans m i t t e r s  be t w e e n g as e s . Th e  i nt e r -g as  c o m m u ni c at i o n i s  
e s t abl i s h e d by  s t andar d B ay e s i an i nf e r e nc e  ne t w o r k  p r o p ag at i o n al g o r i t h m  w h i c h  i s  u s e d t o  
c o m p u t e  t h e  p o s t e r i o r  p r o babi l i t i e s  o f  t ar g e t  g as ' s  ne u r o n Tk w h i c h  i nh e r i t e d o f  t h e  ac t i v i t y  
(e v i de nc e  Q) t r ans m i t t e d by  i t s  as s o c i at e d dat a ne u r o ns . Th i s  c o m p u t at i o n c an be  c ar r i e d o u t  
e f f i c i e nt l y  be c au s e  o f  t h e  s p e c i f i c  B ay e s i an i nf e r e nc e  ne t w o r k  t o p o l o g y  t h at  c an be  as s o c i at e d t o  
t h e  M u l t i G A S  m o de l . H e nc e , i t  i s  p o s s i bl e  t o  c o m p u t e  t h e  p r o babi l i t y  P(acmt|Tk,Q) f o r  an ac t i v i t y  
o f  m o dal i t y  actm o n t h e  g as  ne u r o n Tk w h i c h  i s  i nh e r i t e d f r o m  ac t i v i t i e s  g e ne r at e d o n t h e  s o u r c e  













),( ,  (1) 
S u c h  t h at  Sd i s  t h e  s o u r c e  ne u r o n t o  w h i c h  t h e  dat a d h as  be e n as s o c i at e d, Sim(d, Sd) i s  t h e  c o s i ne  
c o r r e l at i o n m e as u r e  be t w e e n t h e  c o de bo o k  v e c t o r  o f  t h e  dat a d and t h e  o ne  o f  i t s  s o u r c e  ne u r o n Sd 
and d∈actm , Tk i f  i t  h as  be e n ac t i v at e d w i t h  t h e  m o dal i t y  actm f r o m  t h e  s o u r c e  g as .  
E fficient K nowledg e E xtraction U sing  U nsupervised N eural N etwork  Models 
Th e  ne u r o ns  o f  t h e  t ar g e t  g as  g e t t i ng  t h e  h i g h e s t  p r o babi l i t i e s  c an be  c o ns i de r e d as  t h e  o ne s  w h o  
i nc l u de  t h e  t o p i c s  s h ar i ng  t h e  s t r o ng e s t  r e l at i o ns h i p s  w i t h  t h e  t o p i c s  be l o ng i ng  t o  t h e  ac t i v at e d 
ne u r o ns  o f  t h e  s o u r c e  g as .  
 
Th e  m ai n r o l e s  o f  t h e  g e ne r al i z at i o n m e c h ani s m  ar e  bo t h  t o  e v al u at e  t h e  c o h e r e nc y  o f  t h e  t o p i c s  
t h at  h av e  be e n c o m p u t e d o n an o r i g i nal  g as  and t o  s u m m ar i z e  t h e  c o nt e nt s  o f  t h i s  l at e r  i nt o  m o r e  
g e ne r i c  t o p i c s . O u r  NG  g e ne r al i z at i o n m e c h ani s m  [ 2 ]  c r e at e s  i t s  s p e c i f i c  l i nk  s t r u c t u r e  i n w h i c h  
e ac h  ne u r o n o f  a g i v e n l e v e l  i s  l i nk e d t o  i t s  2 -ne ar e s t  ne i g h bo u r s  (Fi g . 1 ). Fo r  e ac h  ne w  l e v e l  

















11  (2) 
w h e r e  VnM r e p r e s e nt s  t h e  2 -ne ar e s t  ne i g h bo u r  ne u r o ns  o f  t h e  ne u r o n n o n t h e  l e v e l  M as s o c i at e d t o  
t h e  ne u r o n n o f  t h e  ne w  g e ne r at e d l e v e l  M+ 1 . A f t e r  c o de bo o k  v e c t o r  c o m p u t at i o n t h e  r e p e at e d 
ne u r o ns  o f  t h e  ne w  l e v e l  (i .e . t h e  ne u r o ns  o f  t h e  ne w  l e v e l  t h at  s h ar e  t h e  s am e  c o de bo o k  v e c t o r ) ar e  
s u m m ar i z e d i nt o  a s i ng l e  ne u r o n. O u r  g e ne r al i z at i o n m e c h ani s m  c an be  c o ns i de r e d as  an i m p l i c i t  
and di s t r i bu t e d f o r m  o f  a h i e r ar c h i c al  c l as s i f i c at i o n m e t h o d bas e d o n ne i g h bo u r h o o d r e c i p r o c i t y . It s  
m ai n adv ant ag e  i s  t o  p r o du c e  h o m o g e ne o u s  g e ne r al i z at i o n l e v e l s . It  e ns u r e s  t h e  c o ns e r v at i o n o f  t h e  
t o p o g r ap h i c  p r o p e r t i e s  o f  t h e  g as  c o de bo o k  v e c t o r s  o n e ac h  g e ne r al i z at i o n l e v e l . M o r e o v e r , w e  
h av e  s h o w n i n [ 2 ]  t h at  t h i s  m e t h o d p r o du c e s  m o r e  h o m o g e ne o u s  r e s u l t s  t h an t h e  c l as s i c al  t r ai ni ng  
ap p r o ac h  w h i l e  s i g ni f i c ant l y  r e du c i ng  t i m e  c o ns u m p t i o n. L as t l y , t h e  i nt e r -g as  c o m m u ni c at i o n 
m e c h ani s m  p r e s e nt e d i n t h e  f o r m e r  s e c t i o n c an be  u s e d o n a g i v e n v i e w p o i nt  be t w e e n a g as  and i t s  
g e ne r al i z at i o ns  as  s o o n as  t h e y  s h ar e  t h e  s am e  p r o j e c t e d dat a.  
 
Fig 1. Gas generalization mechanism (2D representation of gas is used for the sake of clarity of the figure). 
 
3   Quality of classification model 
 
Th e  c l as s i c al  e v al u at i o n m e as u r e s  f o r  t h e  q u al i t y  o f  c l as s i f i c at i o n ar e  bas e d o n t h e  i nt r a-c l as s  
i ne r t i a and t h e  i nt e r -c l as s  i ne r t i a (s e e  [ 8 ] ). Th e s e  m e as u r e s  ar e  o f t e n s t r o ng l y  bi as e d be c au s e  t h e y  
de p e nd bo t h  o n t h e  p r e -p r o c e s s i ng  and o n t h e  c l as s i f i c at i o n m e t h o ds . Th e r e f o r e , w e  h av e  p r o p o s e d 
t o  de r i v e  f r o m  t h e  G al o i s  l at t i c e  and Inf o r m at i o n R e t r i e v al  (IR ) do m ai ns  t w o  ne w  q u al i t y  m e as u r e s , 
R ecall and Precision. A s  c o m p ar e d t o  c l as s i c al  i ne r t i a m e as u r e s , av e r ag e d m e as u r e s  o f  R ecall and 
Precision p r e s e nt  t h e  m ai n adv ant ag e s  t o  be  i nde p e nde nt  o f  t h e  c l as s i f i c at i o n m e t h o d. Th e  
Precision and R ecall m e as u r e s  ar e  bas e d o n t h e  p r o p e r t i e s  o f  c l as s  m e m be r s  [ 8 ] . Th e  Precision 
criterion m e as u r e s  i n w h i c h  p r o p o r t i o n t h e  c o nt e nt  o f  t h e  c l as s e s  g e ne r at e d by  a c l as s i f i c at i o n 
m e t h o d i s  h o m o g e ne o u s . Th e  g r e at e r  t h e  Precision, t h e  ne ar e r  t h e  i nt e ns i o ns  o f  t h e  dat a be l o ng i ng  
t o  t h e  s am e  c l as s e s  w i l l  be  o ne  w i t h  r e s p e c t  t o  t h e  o t h e r , and c o ns e q u e nt l y , t h e  m o r e  h o m o g e no u s  
w i l l  be  t h e  c l as s e s . In a c o m p l e m e nt ar y  w ay , t h e  R ecall criterion m e as u r e s  t h e  e x h au s t i v e ne s s  o f  
t h e  c o nt e nt  o f  s ai d c l as s e s , e v al u at i ng  t o  w h at  e x t e nt  s i ng l e  p r o p e r t i e s  ar e  as s o c i at e d w i t h  s i ng l e  
c l as s e s . Th e  R ecall criterion s h o u l d be  c o ns i de r e d as  a s p e c i f i c  ap p l i c at i o n o f  t h e  s t at i s t i c al  c o nc e p t  
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o f  s e ns i t i v i t y  (i .e . t r u e  p o s i t i v e  r at e ) t o  c l as s  p r o p e r t i e s  [ 1 ] . Th e  R ecall (R e c ) and Precision (Pr e c ) 













)(Prec =  (3) 
s u c h  t h at , C i s  a s e t  o f  c l as s e s  i s s u e d f r o m  a c l as s i f i c at i o n m e t h o d ap p l i e d o n a s e t  o f  do c u m e nt s  D ,  
c ∈ C, and 
{ }0,* >∈= ξ pdp cdc  ( 4 )  
w h e r e  pdξ i s  t h e  w e i g h t  o f  t h e  p r o p e r t y  p f o r  t h e  dat a d. 
 
W e  h av e  de m o ns t r at e d i n [ 8 ]  t h at  i f  bo t h  v al u e s  o f  R ecall and Precision r e ac h  t h e  u ni t y  v al u e , t h e  
p e c u l i ar  s e t  o f  c l as s e s  r e p r e s e nt s  a G al o i s  l at t i c e . A  c l as s  be l o ng s  t o  t h e  p e c u l i ar  s e t  o f  c l as s e s  o f  a 
g i v e n c l as s i f i c at i o n i f  i t  p o s s e s s e s  p e c u l i ar  p r o p e r t i e s . Fi nal l y , a p r o p e r t y  i s  c o ns i de r e d as  p e c u l i ar  
f o r  a g i v e n c l as s  i f  i t  i s  m ax i m i z e d by  t h e  c l as s  m e m be r s .  
A v e r ag e d m e as u r e s  o f  R ecall and Precision c an be  u s e d f o r  o v e r al l  c o m p ar i s o n o f  c l as s i f i c at i o n 
m e t h o ds  and f o r  o p t i m i s at i o n o f  t h e  r e s u l t s  o f  a m e t h o d r e l at i v e l y  t o  a g i v e n dat as e t . In t h i s  p ap e r  
w e  w i l l  m o r e  s p e c i f i c al l y  f o c u s  o n p e c u l i ar  p r o p e r t i e s  o f  t h e  c l as s e s  and o n l o c al  m e as u r e s  o f  
Precision and R ecall as s o c i at e d t o  s i ng l e  c l as s e s . H e nc e , as  s o o n as  t h i s  i nf o r m at i o n c an be  
f r u i t f u l l y  e x p l o i t e d f o r  g e ne r at i ng  e x p l anat i o ns  o n t h e  c o nt e nt s  o f  i ndi v i du al  c l as s e s  [ 6 ] , i t  w i l l  al s o  
r e p r e s e nt  a s o u nd bas i s  f o r  e x t r ac t i ng  r u l e s  f r o m  s ai d c l as s e s .  
 
4   Rules Extraction from MultiGAS model 
 
A n e l abo r at e d u ns u p e r v i s e d ne u r al  m o de l , l i k e  M u l t i G A S , r e p r e s e nt s  a nat u r al  c andi dat e  t o  c o p e  
w i t h  t h e  r e l at e d p r o bl e m s  o f  r u l e  i nf l at i o n and r u l e  s e l e c t i o n t h at  ar e  i nh e r e nt  t o  s y m bo l i c  m e t h o ds . 
H e nc e , i t s  s y nt h e s i s  c ap abi l i t i e s  t h at  c an be  u s e d bo t h  f o r  r e du c i ng  t h e  nu m be r  o f  r u l e s  and f o r  
e x t r ac t i ng  t h e  m o s t  s i g ni f i c ant  o ne s . In t h e  k no w l e dg e  e x t r ac t i o n t as k , t h e  g e ne r al i z at i o n 
m e c h ani s m  c an be  s p e c i f i c al l y  u s e d f o r  c o nt r o l l i ng  t h e  nu m be r  o f  e x t r ac t e d as s o c i at i o n r u l e s . Th e  
i nt e r c o m m u ni c at i o n m e c h ani s m  w i l l  be  u s e f u l  f o r  h i g h l i g h t i ng  as s o c i at i o n r u l e s  f i g u r i ng  o u t  
r e l at i o ns h i p s  be t w e e n t o p i c s  be l o ng i ng  t o  di f f e r e nt  v i e w p o i nt s . 
 
4.1   Rules extraction b y  th e g eneraliz ation mech anism  
 
W e  w i l l  r e l y  o n o u r  o w n c l as s  q u al i t y  c r i t e r i a f o r  e x t r ac t i ng  r u l e s  f r o m  t h e  c l as s e s  o f  t h e  o r i g i nal  
g as  and i t s  g e ne r al i z at i o ns . Fo r  a g i v e n c l as s  c, t h e  g e ne r al  f o r m  o f  t h e  e x t r ac t i o n al g o r i t h m  ( A 1 ) 
f o l l o w s : 
 
∀p1, p2 ∈Pc* 
1 ) If (R e c (p1) =  R e c ( p2) =  Pr e c (p1) =  Pr e c (p2) =  1 ) T h e n : p1 ↔ p2 (e q u i v al e nc e  r u l e ) 
2 ) E l s e If (R e c (p1) =  R e c (p2) =  Pr e c (p2) =  1 ) T h e n : p1 → p2 
3 ) E l s e If (R e c (p1) =  R e c (p2) =  1 ) T h e n  
If (Ex t e nt (p1) ⊂ Ex t e nt (p2)) T h e n : p1 → p2 
If (Ex t e nt (p2) ⊂ Ex t e nt (p1)) T h e n : p2 → p1 
If (Ex t e nt (p1) ≡ Ex t e nt (p2)) T h e n : p1 ↔ p2  
∀p1 ∈Pc*, ∀p2 ∈ Pc – Pc* 
4 ) If (R e c (p1) =  1 ) If (Ex t e nt (p1) ⊂ Ex t e nt (p2)) T h e n : p1 → p2 (* ) 
 
E fficient K nowledg e E xtraction U sing  U nsupervised N eural N etwork  Models 
w h e r e  Pr e c  and R e c  r e s p e c t i v e l y  r e p r e s e nt  t h e  l o c al  Precision and R ecall m e as u r e s , Ex t e nt (p) 
r e p r e s e nt s  t h e  e x t e ns i o n o f  t h e  p r o p e r t y  p (i .e . t h e  l i s t  o f  dat a t o  w h i c h  t h e  p r o p e r t y  p i s  as s o c i at e d), 
and Pc* r e p r e s e nt  t h e  s e t  o f  p e c u l i ar  p r o p e r t i e s  o f  t h e  c l as s  c. 
 
Th e  o p t i o nal  s t e p  4 ) (* ) c an be  u s e d f o r  e x t r ac t i ng  e x t e nde d r u l e s . Fo r  e x t e nde d r u l e s , t h e  c o ns t r ai nt  
o f  p e c u l i ar i t y  i s  no t  ap p l i e d t o  t h e  m o s t  g e ne r al  p r o p e r t y . H e nc e , t h e  e x t e ns i o n o f  t h i s  l at t e r  
p r o p e r t y  c an i nc l u de  dat a be i ng  o u t s i de  o f  t h e  s c o p e  o f  t h e  c u r r e nt  c l as s  c. 
 
4.2    R u l e s  e x t r a c t i o n  b y  t h e  i n t e r -g a s  c o m m u n i c a t i o n  m e c h a n i s m   
 
A  c o m p l e m e nt ar y  e x t r ac t i o n s t r at e g y  c o ns i s t s  i n m ak i ng  u s e  o f  t h e  e x t r ac t i o n al g o r i t h m  i n 
c o m bi nat i o n w i t h  t h e  p r i nc i p l e  o f  c o m m u ni c at i o n be t w e e n v i e w p o i nt s  f o r  e x t r ac t i ng  r u l e s . Th e  
g e ne r al  f o r m  o f  t h e  e x t r ac t i o n al g o r i t h m  ( A 2 ) be t w e e n t w o  v i e w p o i nt s  v1 and v2 w i l l  be : 
 
∀p1∈Pc*, ∀p2∈Pc` * and c∈v1, c` ∈v2 
1 ) If (R e c (p1) =  R e c ( p2) =  Pr e c (p1) =  Pr e c (p2) =  1 ) T h e n  Test_ R ule_ Ty pe; 
2 ) E l s e If (R e c (p1) =  R e c (p2) =  Pr e c (p2) =  1 ) T h e n  Test_ R ule_ Ty pe;  
3 ) E l s e If (R e c (p1) =  R e c ( p2) =  Pr e c (p1) =  1 ) T h e n  Test_ R ule_ Ty pe; 
4 ) E l s e If (R e c (p1) =  R e c (p2) =  1 ) T h e n  Test_ R ule_ Ty pe; 
 
w h e r e  Test_ R ule_ Ty pe p r o c e du r e  i s  e x p r e s s e d as : 
If (Ex t e nt v 1(p1) ⊂ Ex t e nt v 2(p2)) T h e n : p1 → p2 
If (Ex t e nt v 2(p2) ⊂ Ex t e nt v 1(p1)) T h e n : p2 → p1 
If (Ex t e nt v 1(p1) ≡ Ex t e nt v 2(p2)) T h e n : p1 ↔ p2  
 
Ex t e nde d r u l e s  w i l l  be  o bt ai ne d as : 
a )  ∀p1∈Pc*, ∀p2∈Pc` : S u bs t i t u t i ng  r e s p e c t i v e l y  R e c (p2) and Pr e c (p2) by  t h e  viewpoint-b ased 
measures R e c v 1(p2) and Pr e c v 1(p2), r e l at e d t o  t h e  s o u r c e  v i e w p o i nt , i n t h e  p r e v i o u s  al g o r i t h m .   
b)  ∀p1∈Pc, ∀p2∈Pc` *: S u bs t i t u t i ng  r e s p e c t i v e l y  R e c (p1) and Pr e c (p1) by  t h e  viewpoint-b ased 
measures R e c v 2(p1) and Pr e c v 2(p1), r e l at e d t o  t h e  de s t i nat i o n v i e w p o i nt , i n t h e  p r e v i o u s  al g o r i t h m . 
 
5 .    Exp erimental results 
 
O u r  t e s t  dat abas e  i s  a dat abas e  o f  1 0 0 0  p at e nt s  t h at  h as  be e n u s e d i n s o m e  o f  o u r  p r e c e di ng  
e x p e r i m e nt s  [ 7 ] . Fo r  t h e  v i e w p o i nt -o r i e nt e d ap p r o ac h  t h e  s t r u c t u r e  o f  t h e  p at e nt s  h as  be e n p ar s e d i n 
o r de r  t o  e x t r ac t  f o u r  di f f e r e nt  s u bf i e l ds  c o r r e s p o ndi ng  t o  f o u r  di f f e r e nt  v i e w p o i nt s : U s e , 
A dv ant ag e s , Ti t l e s  and Pat e nt e e s . A s  i t  i s  f u l l  t e x t , t h e  c o nt e nt  o f  t h e  t e x t u al  f i e l ds  o f  t h e  p at e nt s  
as s o c i at e d w i t h  t h e  di f f e r e nt  v i e w p o i nt s  i s  p ar s e d by  a l e x i c o g r ap h i c  anal y z e r  i n o r de r  t o  e x t r ac t  
v i e w p o i nt  s p e c i f i c  i nde x e s .  Tw o  v i e w p o i nt s , U s e  and A dv ant ag e s , w i l l  be  c o ns i de r e d i n o u r  
e x p e r i m e nt . Th e  U s e  and A dv ant ag e s  v i e w p o i nt s  g e ne r at e  t h e m s e l v e s  de s c r i p t i o n s p ac e s  o f  s i z e  
2 3 4  and 2 0 7  r e s p e c t i v e l y . Eac h  o f  o u r  e x p e r i m e nt s  i s  i ni t i at e d w i t h  an o p t i m al  g as  g e ne r at e d t h ank s  
t o  an o p t i m i z at i o n al g o r i t h m  bas e d o n o u r  q u al i t y  c r i t e r i a [ 8 ] : 
 
− O r i g i nal  g as e s  o f  1 2 1  (o p t i m al ) and 1 0 0  (o p t i m al ) ne u r o ns  f o r  A dv ant ag e s  and U s e  v i e w p o i nt s , 
r e s p e c t i v e l y , ar e  f i r s t l y  g e ne r at e d. 
− G e ne r al i z e d g as e s  o f  1 0 0 , 8 3 , 7 5 , 6 4 , 5 3 , 4 4 , 3 4 , 2 8 , 2 3 , 1 8  and 1 3  ne u r o ns  ar e  g e ne r at e d by  
ap p l y i ng  t h e  g e ne r al i z at i o n m e c h ani s m  t o  t h e  1 2 1  o r i g i nal  g as  f o r  A dv ant ag e s  v i e w p o i nt . 
− G e ne r al i z e d g as e s  o f  7 9 , 6 2 , 5 0 , 4 0 , 3 1 , 2 6 , 1 6  and 1 1  ne u r o ns  ar e  g e ne r at e d by  ap p l y i ng  t h e  
g e ne r al i z at i o n m e c h ani s m  t o  t h e  1 0 0  ne u r o ns  o r i g i nal  g as  f o r  U s e  v i e w p o i nt . 
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O u r  f i r s t  e x p e r i m e nt  c o ns i s t s  i n e x t r ac t i ng  r u l e s  f r o m  t h e  s i ng l e  U s e  v i e w p o i nt . B o t h  t h e  o r i g i nal  
g as  and i t s  g e ne r al i z at i o ns  ar e  u s e d f o r  e x t r ac t i ng  t h e  r u l e s . Th e  al g o r i t h m  i s  u s e d o nc e  w i t h o u t  i t s  
o p t i o nal  s t e p , and a s e c o nd t i m e  i nc l u di ng  t h i s  s t e p  (f o r  m o r e  de t ai l s , s e e  al g o r i t h m  A 1 ). Th e  
r e s u l t s  ar e  p r e s e nt e d at  f i g u r e  2 . S o m e  e x am p l e s  o f  e x t r ac t e d r u l e s  ar e  g i v e n h e r e af t e r . 
 
Bearing  of outdoor machines → Printing  machines (s u p p  =  2 , c o nf  =  1 0 0 % ) 
R efrig erator oil → G ear oil (s u p p  =  3 , c o nf  =  1 0 0 % ) 
 
w h e r e  c o nf  o f  r u l e  A → B i s  c al c u l at e d as  f o l l o w s : c o nf  =  s u p p (A  ∪  B )/ s u p p (A ), and s u p p (A) i s  t h e  
nu m be r  o f  dat a t o  w h i c h  t h e  p r o p e r t y  A  i s  as s o c i at e d. 
 
Fo r  e v al u at i ng  t h e  c o m p l e x i t y  o f  o u r  al g o r i t h m  bas e d o n a nu m e r i c al  ap p r o ac h  as  c o m p ar e d t o  a 
s y m bo l i c  ap p r o ac h  w e  u s e  t h e  f o l l o w i ng  c o m p l e x i t y  f ac t o r  (CF) c o m p u t at i o n: 
CF =  (R C ∗ M L C) /  (M R C ∗ L C) (5) 
w h e r e  R C= r u l e s  c o u nt , M R C= m ax i m u m  r u l e s  c o u nt  (s y m bo l i c ), L C= l o o p s  c o u nt , M L C= m ax i m u m  
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 Fig. 2.  R u l e  e x t r a c t io n  c u r v e s  f o r  U s e  v ie w p o in t . a )  e x t r a c t io n  a l g o r it h m w it h o u t  o p t io n a l  s t e p .  b )  t h e  s a me  w it h  
o p t io n a l  s t e p .  c )  c o mp l e x it y  f u n c t io n  f o r  t h e  a l g o r it h m in c l u d in g  o p t io n a l  s t e p .  N e w  r u l e s :  r u l e s  t h a t  a r e  f o u n d  in  a  g iv e n  
l e v e l  b u t  n o t  in  t h e  p r e c e d in g  o n e s .  S p e c if ic  r u l e s :  r u l e s  w h ic h  a r e  f o u n d  o n l y  in  a  g iv e n  l e v e l .  R u l e s  c o u n t :  is  t h e  t o t a l  
n u mb e r  o f  r u l e s  t h a t  a r e  e x t r a c t e d  f r o m a l l  l e v e l s .  ( x ( G ) :  r e p r e s e n t s  a  l e v e l  o f  g e n e r a l iz a t io n  o f  x  n e u r o n s ) .   
 
A  g l o bal  s u m m ar y  o f  t h e  r e s u l t s  i s  g i v e n i n t abl e  1 . Th e  t abl e  i nc l u de s  a c o m p ar i s o n o f  o u r  
e x t r ac t i o n al g o r i t h m  w i t h  a s t andar d s y m bo l i c  r u l e  e x t r ac t i o n m e t h o d as  r e g ar ds  t o  t h e  am o u nt  o f  
e x t r ac t e d r u l e s . In s i ng l e  v i e w p o i nt  e x p e r i m e nt , w h e n o u r  e x t r ac t i o n al g o r i t h m  i s  u s e d w i t h  i t s  
o p t i o nal  s t e p , i t  i s  abl e  t o  e x t r ac t  t h e  s am e  nu m be r  o f  r u l e s  as  a c l as s i c al  s y m bo l i c  m o de l  t h at  
bas i c al l y  u s e s  a c o m bi nat o r y  ap p r o ac h . Inde e d, t abl e  1  s h o w s  t h at  al l  t h e  r u l e s  o f  c o nf i de nc e  1 0 0 %  
a )  
b )  c )  
Efficient Knowledge Extraction Using Unsupervised Neural Network Models 
(i .e . 5 3 6  r u l e s ) ar e  e x t r ac t e d by  t h e  c o m bi nat i o n o f  g as  l e v e l s . M o r e o v e r , a s i g ni f i c ant  am o u nt  o f  
r u l e  c an be  e x t r ac t e d f r o m  any  s i ng l e  l e v e l  o f  t h e  g as  (s e e  f i g . 2 b). Ev e n i f , i n t h i s  c as e , no  r u l e  
s e l e c t i o n i s  p e r f o r m e d, t h e  m ai n adv ant ag e  o f  t h i s  v e r s i o n o f  t h e  al g o r i t h m , as  c o m p ar e d t o  a 
c l as s i c al  s y m bo l i c  m e t h o d, i s  t h e  c o m p u t at i o n t i m e . Inde e d, as  s o o n as  o u r  al g o r i t h m  i s  c l as s -bas e d, 
t h e  c o m p u t at i o n t i m e  i t  s i g ni f i c ant l y  r e du c e d. M o r e o v e r , t h e  l o w e r  t h e  g e ne r al i z at i o n l e v e l , t h e  
m o r e  s p e c i al i z e d w i l l  be  t h e  c l as s e s , and h e nc e , t h e  l o w e r  w i l l  be  t h e  c o m bi nat o r y  e f f e c t  du r i ng  
c o m p u t at i o n (s e e  f i g . 2 c ). A no t h e r  i nt e r e s t i ng  r e s u l t  i s  t h e  be h av i o u r  o f  o u r  e x t r ac t i o n al g o r i t h m  
w h e n i t  i s  u s e d w i t h o u t  i t s  o p t i o nal  s t e p . Th e  f i g . 2 a s h o w s  t h at , i n t h i s  c as e , a r u l e  s e l e c t i o n 
p r o c e s s  t h at  de p e nds  o f  t h e  g e ne r al i z at i o n l e v e l  i s  p e r f o r m e d: t h e  h i g h e r  w i l l  be  t h e  g e ne r al i z at i o n 
l e v e l , t h e  m o r e  r u l e s  w i l l  be  e x t r ac t e d. W e  h av e  al r e ady  do ne  s o m e  e x t e ns i o n o f  o u r  al g o r i t h m  i n 
o r de r  t o  s e ar c h  f o r  p ar t i al  r u l e s . Co m p l e m e nt ar y  r e s u l t s  s h o w e d u s  t h at , e v e n i f  t h i s  e x t e ns i o n i s  
u s e d, no  p ar t i al  r u l e s  w i l l  be  e x t r ac t e d i n t h e  l o w  l e v e l  o f  g e ne r al i z at i o n w h e n no  o p t i o nal  s t e p  i s  
u s e d. Th i s  t e nds  t o  p r o v e  t h at  t h e  s t andar d v e r s i o n o f  o u r  al g o r i t h m  i s  abl e  t o  nat u r al l y  p e r f o r m  r u l e  
s e l e c t i o n.  
O u r  s e c o nd e x p e r i m e nt  c o ns i s t s  i n e x t r ac t i ng  r u l e s  u s i ng  t h e  i nt e r c o m m u ni c at i o n m e c h ani s m  
be t w e e n t h e  U s e  and t h e  A dv ant ag e  v i e w p o i nt s . Th e  c o m m u ni c at i o n i s  ac h i e v e d be t w e e n t h e  
o r i g i nal  g as  o f  e ac h  v i e w p o i nt , and f u r t h e r m o r e , be t w e e n t h e  s am e  l e v e l s  o f  g e ne r al i z at i o n o f  e ac h  
v i e w p o i nt . Fo r  e ac h  s i ng l e  c o m m u ni c at i o n s t e p  t h e  e x t r ac t i o n al g o r i t h m  i s  ap p l i e d i s  a bi di r e c t i o nal  
w ay . S o m e  e x am p l e s  o f  e x t r ac t e d r u l e s  ar e  g i v e n h e r e af t e r . 
 
Natural oil (A dv ant ag e s ) → C atapult oil (U s e ) (s u p p  =  2 , c o nf  =  1 0 0 % ) 
Natural oil (A dv ant ag e s ) → D rilling fluid (U s e ) (s u p p  =  2 , c o nf  =  1 0 0 % ) 
 
Th e  r e s u l t s  o f  o u r  m u l t i -v i e w p o i nt  e x p e r i m e nt  ar e  s i m i l ar  t o  t h e  o ne s  o f  o u r  s i ng l e  v i e w p o i nt  
e x p e r i m e nt  (s e e  t abl e  1 ). A  r u l e  s e l e c t i o n p r o c e s s  i s  p e r f o r m e d w h e n t h e  s t andar d v e r s i o n o f  o u r  
al g o r i t h m  i s  u s e d. Th e  m ax i m u m  e x t r ac t i o n p e r f o r m anc e  i s  o bt ai ne d w h e n viewpoint-b ased R ecall 
and viewpoint-b ased P recision v i e w p o i nt  ar e  u s e d (s e e  al g o r i t h m  A 2 ). 
 
 Use Use ↔ A d v a n t a g es 
T o t a l  r u l e  c o u n t  5 3 6  6 4 9  
A v e r a g e  c o n f i d e n c e  1 0 0 %  1 0 0 %  
G l o b a l  r u l e  c o u n t  2 2 3 8  2 8 2 2  
S y m b o l i c  m o d el  
A v e r a g e  c o n f i d e n c e  5 9 %  4 5 %  
P e c u l i a r  r u l e  c o u n t  2 5 1  2 5 0  
A v e r a g e  c o n f i d e n c e  1 0 0 %  1 0 0 %  
E x t e n d e d  r u l e  c o u n t  5 3 6  6 4 2  
M u l t i G A S  m o d el  
( 9  l ev el s)  
A v e r a g e  c o n f i d e n c e  1 0 0 %  1 0 0 %  
T a b l e  1 . S u m m a r y  o f  r e s u l t s . T h e  t a b l e  p r e s e n t s  a  b a s ic  c o mp a r is o n  b e t w e e n  t h e  s t a n d a r d  s y mb o l ic  r u l e  e x t r a c t io n  
me t h o d  a n d  t h e  M u l t iG A S -b a s e d  r u l e  e x t r a c t io n  me t h o d .  T h e  g l o b a l  r u l e  c o u n t  d e f in e d  f o r  t h e  s y mb o l ic  mo d e l  in c l u d e s  
t h e  c o u n t  o f  p a r t ia l  r u l e s  ( c o n f id e n c e < 1 0 0 % )  a n d  t h e  c o u n t  o f  t o t a l  r u l e s  ( c o n f id e n c e = 1 0 0 % ) .  I n  o u r  e x p e r ime n t s ,  t h e  
r u l e s  g e n e r a t e d  b y  t h e  M u l t iG A S  mo d e l  o n  t h e  9  l e v e l s  a r e  o n l y  t o t a l  r u l e s .  T h e  p e c u l ia r  r u l e  c o u n t  is  t h e  c o u n t  o f  r u l e s  
o b t a in e d  w it h  t h e  s t a n d a r d  v e r s io n s  o f  t h e  e x t r a c t io n  a l g o r it h ms .  T h e  e x t e n d e d  r u l e  c o u n t  is  t h e  c o u n t  o f  r u l e s  o b t a in e d  
w it h  t h e  e x t e n d e d  v e r s io n s  o f  t h e  e x t r a c t io n  a l g o r it h ms  in c l u d in g  t h e ir  o p t io n a l  s t e p s .   
 
6   Conclusion 
 
In t h i s  p ap e r  w e  h av e  p r o p o s e d a ne w  ap p r o ac h  f o r  k no w l e dg e  e x t r ac t i o n bas e d o n a M u l t i G A S  
m o de l . O u r  ap p r o ac h  m ak e s  u s e  o f  o r i g i nal  m e as u r e s  o f  r e c al l  and p r e c i s i o n f o r  e x t r ac t i ng  r u l e s  
f r o m  g as e s . Th ank s  t o  t h e  M u l t i G A S  m o de l , o u r  e x p e r i m e nt s  h av e  be e n c o ndu c e d o n s i ng l e  
v i e w p o i nt  c l as s i f i c at i o ns  as  w e l l  as  be t w e e n m u l t i p l e  v i e w p o i nt s  c l as s i f i c at i o ns  o n t h e  s am e  dat a. 
Th e y  t ak e  be ne f i t  o f  t h e  g e ne r al i z at i o n and t h e  i nt e r -g as  c o m m u ni c at i o n m e c h ani s m s  t h at  ar e  
e m be dde d i n t h e  M u l t i G A S  m o de l . Ev e n i f  c o m p l e m e nt ar y  e x p e r i m e nt s  m u s t  be  do ne , o u r  f i r s t  
r e s u l t s  ar e  v e r y  p r o m i s i ng . Th e y  t e nd t o  p r o v e  t h at  a ne u r al  m o de l , as  s o o n as  i t  i s  e l abo r at e d 
e no u g h , r e p r e s e nt s  a nat u r al  c andi dat e  t o  c o p e  w i t h  t h e  r e l at e d p r o bl e m s  o f  r u l e  i nf l at i o n, r u l e  
W S O M 2 0 0 5 ,  P aris 
 
s e l e c t i o n and c o m p u t at i o n t i m e  t h at  ar e  i nh e r e nt  t o  s y m bo l i c  m o de l s . O ne  o f  o u r  p e r s p e c t i v e s  i s  t o  
m o r e  de e p l y  de v e l o p  o u r  m o de l  i n o r de r  t o  e x t r ac t  r u l e s  w i t h  l ar g e r  c o nt e x t  l i k e  t h e  o ne s  t h at  c an 
be  o bt ai ne d by  t h e  u s e  o f  c l o s e d s e t  i n s y m bo l i c  ap p r o ac h e s . A no t h e r  i nt e r e s t i ng  p e r s p e c t i v e  w o u l d 
be  t o  adap t  m e as u r e s  i s s u e d f r o m  i nf o r m at i o n t h e o r y , l i k e  ID F o r  e nt r o p y , f o r  r ank i ng  t h e  r u l e s . 
Fu r t h e r m o r e , w e  p l an t o  t e s t  o u r  m o de l  o n a r e f e r e nc e  dat as e t  o n g e no m e . Inde e d, t h e s e  dat as e t  h as  
be e n al r e ady  u s e d f o r  e x p e r i m e nt s  o f  r u l e  e x t r ac t i o n and s e l e c t i o n w i t h  s y m bo l i c  m e t h o ds . L as t l y , 
o u r  e x t r ac t i o n ap p r o ac h  c an be  ap p l i e d i n a s t r ai g h t f o r w ar d w ay  t o  a M u l t i S O M  m o de l , o r  e v e n t o  a 
s i ng l e  S O M  m o de l , w h e n o v e r al l  v i s u al i z at i o n o f  t h e  anal y s i s  r e s u l t s  i s  r e q u i r e d and l e s s  ac c u r ac y  
i s  ne e de d. 
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